Abstract-Urban planning and intelligent transportation management are facing key challenges in today's ever more urbanized world. Providing the right tools to city planners is crucial to cope with these challenges. Data collected from citizens' mobile communication can be used as the foundation for such tools. These kinds of data can facilitate various analysis tasks, such as the extraction of human movement patterns or determining the urban dynamics of a city. City planners can closely monitor such patterns based on which strategic decisions can be taken to improve a city's infrastructure. In this paper, we introduce a novel visual analytics approach for pattern exploration and search in global system for mobile communications mobile networks. We define geospatial and matrix representations of data, which can be interactively navigated. The approach integrates data visualization with suitable data analysis algorithms, allowing to spatially and temporally compare mobile usage, identify regularities, as well as anomalies in daily mobility patterns across regions and user groups. As an extension to our visual analytics approach, we further introduce space-time prisms with uncertain markers to visually analyze the uncertainty of urban mobility patterns.
I. INTRODUCTION

W
ITH more than 50% of world population living in urban areas today, 1 it is imperative to foster careful planning of city infrastructure, especially urban transportation. Ubiquitous data such as location-enabled GSM (Global System for Mobile Communications) mobile communication data can be utilized as alternatives to officially surveyed data, and therefore used as digital footprints to understand the human movement patterns in an urban environment and the urban dynamics [1] . Deriving actionable, useful knowledge from such large amounts of complex GSM data require appropriate data analysis methods and models. Visual-interactive data analysis methods can help to support data analysis by effective integration of automatic data analysis methods, interactive steering of the analysis process, and result visualization [2] .
In this paper we explore a GSM internet usage dataset collected from 358 users over seven months from Santiago de Chile, and introduce a suite of visual analytics methods for the following tasks: (1) extract movement patterns of users out of GSM internet usage data, and (2) explore spatiotemporal patterns through the derived movements. In case of such mobile internet usage data collected from users, the location can be approximated by the location of the closest receiver antenna. Unlike geographical coordinates that are extracted from accurate GPS devices, this results in higher positional uncertainty. Therefore, we extend the developed visual analytics approach to (3) further assess the uncertainty of extracted user movements.
A suite of analytical views are defined to foster data exploration within the specified tasks. These are: (i) map view, to represent the spatial references of the selected data points, such as the movement trajectories (Sections IV-A and IV-E).
(ii) matrix view helps in the analysis of user movements. This view is utilized for example to compare the similarity of users' movement profiles (Sections IV-A, IV-D, and IV-E). As we consider each user and each location as a dimension of data, compact and ordered matrix visualizations were helpful to efficietly and visually explore the sample-sample relationships, as oppposed to the use of scatterplots or parallel coordinate plots that are inefficient particularly with high dimensions or in terms of the efficient use of the display [3] . (iii) tabular view and tree node view shows the unique antenna IDs, user IDs, area codes and other attributes such as the signal strength, to investigate each antenna or user individually. The tree node view with its inherent hierarchical structure was a coherent choice as opposed to a geographic map, for analysing the administrative hierarchies in Santiago (Section IV-C). (iv) raster map view helps to differentiate urban areas in terms of an aggregated value, such as the internet usage patterns over the Western, Eastern, Northern, and Southern communes of Santiago (Section IV-D). (v) small multiples view displays difference slices of a selected attribute in the dataset. To avoid over-plotting and confusion, this view aligns the data in an orderly manner to enable comparisons across different variables (Section IV-E).
The sum of analysis methods developed in this paper demonstrates how an encompassing visual interactive analysis system can facilitate the exploration of GSM mobile internet 1524-9050 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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usage data. We demonstrate the usefulness of our system by validating a prototype through anecdotal use-case findings [4] . We have further incorporated the feedback of an expert from the telecommunications domain, that discusses the usefulness of the proposed visual analytics system. In his expert view, the spatial and temporal pattern extraction from GSM data is an interesting and an important task for exploring the urban dynamics in a city. The expert feedback has been appropriately reflected in the development of our approach. The contribution of this paper is therefore the development of a suite of visual analytics methods to support urban movement analysis in five aspects: (1) similarity of user movements (Section IV-A), (2) home and work area classification (Section IV-C), (3) origin-destination based region partitioning (Section IV-D), and (4) temporal change detection (Section IV-E). Furthermore, at the end of this paper we introduce (5) space-time prisms with uncertain markers to model the positional uncertainty of movement (Section V).
The insights obtained enable novel applications ranging from transportation management to general urban planning and smart city management. The remainder of the paper unfolds as follows: In the following section we briefly review related work, and in Section III we describe the dataset in detail. In Section IV we present the main analysis. In Section V we present an extension to the suit of visual analytics methods for visually analyzing the uncertaintiy of movement data. Section VI presents a discussion followed by a conclusion of the presented methods in Section VII.
II. RELATED WORK
Reference [5] developed a visual analytics approach for analyzing collective human mobility based on spatio-temporal patterns. For the visual analysis of their data (e.g., using time series visualizations) they used Tableau 2 together with SPSS Statistics 3 software, and for the spatial visual analysis of the data (e.g., using heat-map visualizations) they used ESRI ArcGIS 4 commercial software. Similar work of [6] uses visual analytics to explore collective behavior of humans. In [7] MobVis is presented, a tool that incorporates spatial and social data heterogeneously into one network to analyze individual and group behavioral patterns. They use interactive time charts and ontology graphs to support the temporal and semantic filtering of their data. They further introduce a behavior rings visualization method to represent and compare individual and group behaviors of people.
Furthermore, [8] utilizes one week's mobile phone data to analyze the structures of spatial interaction communities of a city in China. Their approach mainly utilizes agglomerative clustering techniques together with heat map and graph visualizations to discover the structures of spatial interaction in communities. Further the work of [9] used taxi data to explore urban activities in New York. They developed a visual analysis system that allows the users to visually query various taxi trips around the city. Tasks such as origin-destination of human mobility were performed by enabling adequate spatio-temporal querying, using mainly heatmap and timeseries visualizations. Similar work has also been carried out in [10] . Reference [11] presented the MobilityViewer, a suite of visual analytics methods to analyze the crowd flows in a city within a geographical and a social network, using mobile phone data. Unlike our approach where all views and methods are integrated into one system, [11] have their methods as isolated views.
Further, [12] presented a visual analytics system to explore co-occurrences in human mobility. To make these observations they develop six different views-each view visualizing the human mobility in different perspectives and the co-occurrences. Our approach however, utilizes each view to perform different spatio-temporal analytics and thereby uncover urban patterns. Reference [13] utilized public transportation data to make home and work area classifications. Their developed visual analytics system analyzes complex travel patterns and activity locations of each individual commuter, learns these classifications and then trains a classifier to derive commuter dynamics. To achieve the same goal we utilize the movement trajectories traversed during established core working hours and stay-at-home hours to distinguish between work and home areas respectively. A comprehensive survey on visual analytics approaches for urban analyses is in [14] .
In this paper in addition to movement patterns, we further use GSM mobile internet usage attributes to determine urban patterns and show correlations. Furthermore, we introduce a method to address the positional uncertainties in the movement trajectories that are derived from approximated antenna locations.
III. THE DATASET
The dataset comes from the Adkintun Mobile project [15] . Adkintun Mobile performs passive monitoring as a means for data gathering, implying that it only listens to changes in the network and device status over time. This means that it can provide a sustained measurement at regular intervals for a long period of time, improving the chances to perform temporal analysis, such as those described in the current work. The data was collected on a voluntary basis by 358 users, who were required to install an application on their Android phones. The data was recorded in a period of seven months from October 2012 to May 2013, where the mobile application logged device and network usage data every ten seconds. Each record contains information about the network traffic (received/sent bytes), the antenna operator, the Location Area Code of the currently logged-on antenna (LAC), the Cell Identifier (CID), the signal strength (measured in dBm) and a measure which indicates whether the phone was in active use at the time of the measurement. A second table contains coordinates of over 60, 000 antennas across Chile along with their respective LAC and CID. However, within the scope of this study we use data for only the city limits of Santiago. The data is stored in a PostgreSQL 9.3 database with the spatial extension PostGIS.
IV. LEARNING URBAN DYNAMICS THROUGH MOVEMENT PATTERNS
Exploration of mobile phone datasets can provide us insights into the urban dynamics of a city that help various stakeholders to cater better decisions and services to their targeted audiences. We carry out our analysis tasks in two tiers. Firstly, we focus on the spatial changes of mobile internet usage patterns. For this we extract user movement trajectories through the digital footprints left behind by mobile users, and use these changing movements of users to uncover spatial patterns in the metropolitan area of Santiago, Chile. Secondly, we focus on the temporal changes of mobile internet usage and use these to uncover spatial patterns and events.
A. Movement Trajectory Extraction from Mobile Internet Usage Data
A trajectory is a trace generated by user movement in geographical space, usually represented by a series of chronologically ordered points ( p 1 , p 2 , . . . , p n ), where each point consists of a geospatial coordinate set and a time stamp such as p = (x, y, t).
The monitor data allows us to approximate trajectories of users with antenna positions as locations. This means that a user can be anywhere within the operational range of an antenna. This low spatial granularity of locations aids us in analysis through general regions as opposed to exact locations. This aspect is important also for the anonymization of the data. Our trajectory extraction algorithm consists of two steps. First, we define and detect a movement session. A session is defined as a time interval of continuous Internet usage of one user, that contains a set of n tuples (t|s) where t is a point in time and s a point in space. A session is considered to be over when the time difference of two consecutive monitor records exceeds a user defined threshold. Therefore, a session S can be defined as follows:
In the second step we extract the trajectory out of these sessions where each session gets divided into one or more trajectories. To decide where one trajectory ends and another starts, the spatial element of the (t|s) tuples is examined. Whenever a sequence of tuples without spatial change exceeds a certain duration threshold, the current trajectory is considered to be over and a new one is created. This is expressed in the following trajectory extraction algorithm:
Consecutive tuples of a session which have the same spatial component are grouped together. These trajectories can be extracted at different granularity. Highest granularity is when antenna locations are used as spatial elements of the tuples (Fig. 1) , and lowest when the cluster centers are used as spatial elements (bigger clusters therefore result in coarser trajectories).
We have used these extracted movement trajectories to identify patterns in the surrounding urban environment. These are presented in the following sections. 
B. Spatial and Temporal Movement Similarity of Users
Similarity between two objects is said to be estimated with a similarity measure which may contain a cost of changing one feature into another, or the distance between the two objects [16] . Several works have introduced and discussed approaches for the analysis of similarity in movement trajectories. The work of [17] presents a two-tiered approach for assessing the similarity between movement trajectories. As a first step they decompose trajectories into segments based on parameters such as speed, acceleration, or directions of movement. In a second step they modify the Levenshtein edit distance technique [18] to assess the similarity of decomposed trajectory segments.
Reference [19] on the other hand present a taxonomy of approaches for similarity analysis based on the different parameters of a moving object, such as the speed, spatial path, and time duration. Similarity analysis within two or more movement trajectories help in various demographic studies for focus group marketing, urban planning, or city traffic flow management -for example to detect which areas in a city are most connected. Reference [20] suggested several ways in which two or more movement trajectories may be similar. These are: (1) Similarity of overall characteristics (2) Co-location in space (3) Synchronization in time (4) Co-incidence in space and time The authors further gave suggestions of computational and visualization techniques for detecting similarities between movement trajectories. To assess and compare the spatial and spatio-temporal similarity between users' movement trajectories, we introduce a similarity-based matrix visualization. This extends the classification of techniques suggested by [20] for similarity analysis in movement trajectories. We consider co-location in space and co-incidence in space and time for similarity assessment in our derived movement trajectories of mobile users. To calculate the spatial similarity of users, we compare the movement trajectory of each user for possible co-locations. To determine the locations that the edges of the trajectory passes though (as demonstrated in Fig. 2 Accordingly, the spatial profile P for a user x at granularity g can be denoted as P(x, g) = a, b, c, d, e, f, g. Then, the similarity of two users x and y at granularity g can be calculated as:
To visualize similarity values of each user pair, we map them to the size of a circular gradient (Fig. 3 a, b) . The size of the gradients is scaled between 0 (smallest) and 1 (largest) to visualize the normalized low-to-high similarity values respectively. These circular gradients are then drawn in the corresponding matrix cell. The adjacent map view visualizes the movement profiles of the corresponding user pair (Fig. 3 c) .
To analyze if the movement of two users coincide in space and time, we check if any two spatially similar users (denoted by L(x, y, g) ) have as well an overlap in time (using a time interval of 5 minutes) at the given location. If there is an overlap, we add the location to the set O(x, y, g ). We calculate temporal similarity as follows:
We add this temporal component to the similarity matrix. The temporal similarity values are mapped to the opacity of the corresponding matrix cell. The results are shown in Fig. 4 . The visualization of temporal similarity with the spatial similarity helps city planners for user demographic analysis.
C. Place Classification Based on Home and Work Area Detection
Place classifications help to identify geographic space in terms of it's unique characteristics. Thus far semantic technologies have been very popular to identify place using topological and semantic descriptions [21] , [22] . Furthermore, the movement of people can also give us hints to the characteristics of the the underlying geographic space. For example, three main forces have been identified by [23] 
In our work we use movement trajectories derived from the mobile Internet usage dataset to identify characteristics of geographic space. For this we use [23] 's existence as a movement cue. Since humans are creatures of habit, we can exploit their daily movement patterns to observe when they are travelling to work, and when they are travelling home. With these identified patterns, we want to classify geographic space according to residential and industrial areas. One possible application of this place classification is for real estate developers to identify their target customer groups within residential (home) and work (industry) areas. In the following we demonstrate how we achieve this for the city of Santiago, using visual analytics methods.
Forming user groups is helpful to use as an abstraction to conduct analysis on, and to help speeding up analysis in contrast to the long computation times required for ungrouped data. For this analysis we used an interactive tree node view.
Following the works of [24] , we first extract the home and work locations of users based on their spatio-temporal mobile internet usage patterns. We performed the detection using a 500m clustering granularity. For each user, the following steps were performed.
Work area detection 1. Determine the set of distinct antenna clusters visited by the user during weekdays between the time 13:00 and 17:00 (which is a core working time for most people according to [24] ). 2. Rank clusters by the number of days when the cluster was visited. If the ranking is not clear, take the total number of records into account. 3. Pick the cluster with the highest rank as work cluster.
Home area detection 1. Determine the set of distinct antenna clusters visited by the user during weekdays between the time 00:00 and 06:00 and between 20:00 and 00:00, or during weekends. 2. Rank clusters by the number of days when the cluster was visited. If the ranking is not clear, take the total number of records into account. 3. Pick the cluster with the highest rank as home cluster.
In a subsequent step, we used a reverse geotagger which takes a geo-location as input and outputs information such . An excerpt of the spatial similarity (circular gradient) and temporal similarity (opacity) matrix of users. The highlighted cell depicts a user pair with high spatial as well as temporal similarity. The diagonal cells only reflect the self-similarity, and therefore ignored in the analysis as administrative hierarchies of a location, and the name of the closest city. The analyst can either use the home location or work location as input. These hierarchies of locations are then mapped to the tree nodes as seen in Fig. 5 , administrative hierarchies are shown through ID values. To classify these areas according to the home/work locations we color the tree nodes according to the work place density for each area. For every area, we count the amounts of user homes (h) and the amount of user work locations (w) (as derived earlier in this section). We then divide (w) by (h + w) to get a ratio value which indicates whether the area is more a residential area (values < 0.5) or more an industrial area (values > 0.5). We map the value for each node on a diverging color scale from green (0) over orange (0.5) to red (1) . The result are shown in Fig. 5 . Accordingly, the area Barrio Brasil (value of 0.92, shown in red in Fig. 5 ) which is quite central in Santiago is a work/industrial area, popular for its student and night life, and the area Santa Carolina (value of 0.29, shown in green in Fig. 5 ) which is 20 km outside of the city center is a more residential suburb of Santiago. Both verify our findings.
D. Regional Partitioning With Origin-Destination Analysis
In Section IV-C, we have seen how geographic areas can be identified in terms of their unique characteristics by analyzing the movement behavior of people. On the other hand works such as [25] has shown that the geography around us also has an effect on the human interactions.
In our work we want to explore the effects of geography on the movement of humans. To achieve this we successively partition the geographic areas based on the origin and destination of movement trajectories. For example, the recent work of [26] used mobile data collected for weekdays over a period of one month with static map visualizations to observe the origin-destination of movements within Leicestershire, UK. The users' origin-destination movement analysis can help to uncover the attractiveness of an area, number of different places that people come from, the number of traversed trips for any time of day, or to capture the patterns of urban mobility in different areas of a city. Such analyses are useful for example in use cases within the city planning, transportation management, or emergency response domains [27] .
Within our approach we have developed an interactive origin-destination matrix to effectively explore and analyze where user movement trajectories (described in Section IV-A) start and end. To achieve this task we utilize the table view -to choose individual users (if needed), the matrix view -to view the origin and destination of users, additionally a raster map view -to partition an area into multiple spatial segments and indicate the corresponding origin / destination locations.
Using the map, an arbitrary area of interest can be selected for investigation, which is then rasterized by partitioning the map into multiple spatial segments. These segments are coordinated with the rows and columns of the matrix. Each matrix cell is associated with an origin (rows) and a destination area (column). The origin-destination analysis for aggregated trajectories of all users is shown in Fig. 6 component (a) . The cells are colored according to the amount of trajectories traversed within a particular origin and destination. As we can observe from Fig. 6 component (a) , most traversed routes appear to be between the center and the North-West of Santiago, and fewer routes within the South-West regions in Santiago. While this analysis looks at aggregated trajectories, the same analysis can be performed to observe the origindestination per user.
Characteristics of the surrounding geography that may impact such movement patterns are for e.g., disparities that one can observe within various modalities such as economic, health, sanitation etc. One aspect that explains the observed movement patterns within Santiago in Fig. 6 is the economic division in the city [28] , which according to the communal human development index for Santiago shows a higher concentration of high standard public and private facilities in the central and Eastern parts of Santiago, than in the Southern and Western parts of Santiago. Reference [28] shows in their study that the Southern counties in Santiago have the highest inequality in terms of income. Detecting such disparities most often involve surveys and census studies in the state of the art research. The presented visual analytics approach helps the user to interactively explore such disparities as geographic effects on human movement behavior.
E. Temporal Change Detection of Usage Patterns
Detecting changes in usage patterns over time can be a central and demanding task for city administrators to observe unusual events occurring within city limits, and thereby install necessary changes to accommodate such re-occurring events. For this analysis we utilize the map view, small multiples view, and the matrix view.
Temporal changes in usage patterns are often analyzed with the help of sorting and clustering algorithms in combination with matrix visualizations, which can provide for potentially useful views. However, theses algorithms depend on parameters which are hard to set a priori. In our case large amounts of matrix views can be generated by selecting an area of interest and varying the time intervals w.r.t. one or multiple measurements of interest. In the following, these matrix views are referred to as (temporal) situations. Our goal is to automatically detect change points (or interest points) and show these to the users for inspection of possibly interesting events Fig. 7 shows our semi-automatic temporal change detection approach. Each situation is represented as a matrix image and arranged horizontally in a small multiple fashion in the first line of the visualization. The matrix here represents a grid overlaid on the map, and each cell represents the aggregated number of records per antenna in each map cell, but the analyst can select different attributes. The goal is to automatically find points in time, when there is a high amount of change in the matrix view from one time stamp to the next, indicating potentially interesting situations, due to strong changes.
In our approach, we compute a measure of change for each raster location (cell) from one time step to the next. We normalize the changes between -100% which indicates the most amount of change (also color coded in red) and +100% which indicates the least amount of change. We also compute the sum of change values for all cells in the map. This aggregated measure of change is visually represented in a line chart under the small multiples. Detection of change points can then be done by filtering for time steps with large aggregate change values.
As one can see from Fig. 7 , this visualization allows perceiving data differences in regions of interest for several periods of time. For example, the amount of connections increased significantly during Feb, 08-11th 2013, and then from 13-14th 2013. The strong usage increase from 08-11 February can be assumed by the return of Santiago citizens from their annual two week vacation starting from the beginning of February. 13-14th, February increase can be explained possibly by the St. Valentine's day activities.
V. EXTENSION FOR UNCERTAINTY ANALYSIS IN MOVEMENT TRAJECTORIES
As work in progress we have developed a preliminary approach to visually analyze the positional uncertainty of movement trajectories that are extracted in Section IV-A.
When it comes to the antenna location-based movement data that is used for movement analysis in this paper, the unavailability of antenna signals, for example due to indoor movements (such as moving through a tunnel, or a building) , or the large operational range of an antenna where the user could be anywhere within this area, cause positional uncertainty of movement approximations. Furthermore, as seen in the algorithm 1 the movement approximations consider interpolations of crisp locations in the form of chronologically ordered points, p = (x, y, t). In our analysis we drew a straight line from one crisp point to another, assuming the user took a direct route from one position to another. However, in reality this may not be true, and further gives rise to positional uncertainty.
To model these positional uncertainties within the movement data in our visual analytics approach we utilise the space-time cube [29] , where the horizontal plane is used for depicting the spatial extent (x, y) of the data and the vertical plane is used for depicting the temporal extent (t) of the data. These time-ordered sequences of samples called markers make up the space-time path for each of the users of the mobile Internet usage dataset.
An example of the space-time path of a selected user within a 24 hour time frame with the inter-sample time interval is shown in Fig. 9 . As one can observe from this figure, the selected user is somewhat stationary during the morning and evening hours, but in between spends a longer duration of time also in the northern commune of Santiago. However, the data was collected at a 10-second sampling rate. Therefore ideally the inter-sample time duration should be 10 seconds at each path segment. This variation of the time interval duration can be due to a lack of antenna signal reception, or technical issues with the mobile phone devices. It therefore indicates already the uncertainties in the data.
These positional uncertainties can be represented as volume in the space-time cube. This volume represents all the spacetime points within an area that any user may have traversed based on any given marker and a maximum travel velocity. Therefore the volume between two given markers is called the space-time prism. It's projection onto the horizontal geographic plane is called the Potential Path Area (PPA). Reference [30] demonstrated the use of these space-time prisms for crisp markers. References [31] and [32] modeled the uncertainty of locations in between crisp markers on a road network.
Due to the inherent positional uncertainties in our derived movement data, we have regions instead of crisp markers. Those region-based markers denote several possible markers of user movement; and we call those here uncertain markers. Therefore in our work we define and adapt the space-time prisms for uncertain markers to visually analyze the positional uncertainties in the approximated movement data.
Based on the work of [30] , a space-time prism Z between two crisp markers m i = ( p i , t i ) and m j = ( p j , t j ), and a maximum velocity of v m ax >
can be formulated as a parametric function of time. This is shown below.
is the spatial extent that can be reached from point p i in the time interval t − t i with a maximum velocity v m ax. This spatial extent can be defined as a constrained set of points as follows:
Similarly, S E j (t) is the spatial extent that can be reached from point p j in the time interval t j − t with a maximum velocity v m ax. This spatial extent can be defined as a constrained set of points as follows:
and S E j (t) have two possible topological relations where t and t are time points between t i and t j . These possibilities are, when at t S E j (t) contains S E i (t) and at t S E i (t) contains S E j (t). Further, t and t are calculated as follows:
Given the velocity v m ax, t * i j is the minimum travel time from p i to p j . This parametric function is used for the spacetime prism between uncertain markers as well, however the key difference is in the way we define the spatial extents S E i (t) and S E j (t), and the maximum travel time t * i j . Therefore we determine the spatial extents for the uncertain markers by using the hull at the extreme points of the regions. For convex regions we use the convex hull.
Therefore, the spatial extents of two uncertain markers m i = (region i , t i ) and m j = (region j , t j ) can be represented as follows.
C E R(region, t) is the expanded region at time t and a given v m ax. For defining the maximum travel time for uncertain markers, we divide the distance between the points by the assumed speed. Therefore this is expressed as follows:
For the space-time path example shown in Fig. 9 , we have now estimated the potential path area and the corresponding space-time prism for two uncertain path segments. This is shown in Fig. 8 .
VI. DISCUSSION AND FUTURE PERSPECTIVES
In this paper several algorithms are presented together with various visual analysis approaches for (1) movement trajectory extraction out of GSM mobile internet usage data, (2) identification of patterns in urban environments based on the movement trajectories of users, (3) investigating the positional uncertainties in movement trajectories. Potential path area for two uncertain path segments and their corresponding space-time prism representations. The maximum velocity is assumed to be 50 km/h in this example.
Our findings obtained from our prototype on the data set from Santiago is indicative for a number of analysis cases of interest to mobile data analysis. While our anecdotal findings can be regarded plausible, we state that they are based on a sample of several hundred users from a much larger user basis, and may incur a bias. Therefore, in our future work we plan to evaluate our approach beyond what's based on anecdotal findings [4] , to further test the generalisability of our approach to other similar, larger datasets.
Our analysis considers aggregates of mobile data consumed. More detailed analysis would be possible by enhancing the data collection mechanisms, e.g., distinguishing between data used for different applications such as email, web, voice, or video. The correlation of service usage with temporal and spatial aspects might lead to further insights of usage with great potential for applications such as transportation optimization or marketing.
An important aspect in any visual interactive analysis scenario is to guide the analyst to quickly find interesting and relevant views. Due to the large data volumes in mobile data analysis, a fully manual search through all possible data sections and views is practically not affordable. Hence, methods for automatic identification of interesting views are needed. An idea for future work is to interactively learn from the user which situations are interesting, and use such a learning scheme to suggest relevant situations in unseen data. To this end, approaches for visual relevance feedback [33] could be helpful.
Furthermore, our work in progress for uncertainty analysis would further extend in the future to investigate methods on how to reduce the uncertainties incurred by antenna jumps. By detecting the areas where such antenna jumps occur already paves path for uncertainty reduction in the data, and thereby reduce the uncertain space size for user locations. Further, the developed approach will be evaluated within a user study in future work, to mainly assess the usability of the chosen visualizations for the tasks.
VII. CONCLUSION
This paper showcases how geospatial movement patterns help greatly to identify human behavioral patterns. Those derived human behavioral patterns can give us clues about the arrangements of the surrounding urban environments. To explore and identify these patterns this paper utilizes a GSM telecommunication dataset where the consecutive locations for movements are extracted from the antenna locations.
The encompassing visual analytics approach first introduces a matrix visualization to interactively explore the spatial and temporal similarity of movement between users. The movement patterns are further employed to classify the surrounding geographic space into industrial and residential areas based on the movement of users between home and work. Next, utilizing the same matrix view we have computed the origin and the destination of users' movement, thereby identifying the local spatial segregation patterns in the surrounding urban environment. Furthermore, this view and a small multiples view were utilized to automatically detect temporal changes in mobile internet usage, and further uncover seasonal patterns.
In the last section of this paper we define and adapt the spacetime prism for uncertain markers as an extension to the spacetime-cube method to assess and visualize the uncertainty of the approximated user movement patterns.
